Introduction
Addressing road traffic congestion and reducing accidents are important objectives for transport policy makers. An ideal scenario would be to reduce both congestion and accidents simultaneously. However, this may not be possible since it is likely that there is an inverse relationship between traffic congestion and road fatalities (Shefer and Rietveld, 1997) . It is possible that there is less fatal and serious injury (KSI) accidents under congested conditions when speed is low. Therefore, it appears that increased traffic congestion may be beneficial to road safety, which poses a potential dilemma for transport policy makers. To address this it is therefore important to fully understand the relationship between traffic congestion and road accidents.
There have been many studies devoted to the relationship between accidents and congestion related factors, such as volume capacity ratio and hourly traffic flow (e.g. Belmont and Forbes, 1953; Gwynn, 1967; Ceder, 1982; Zhou and Sisiopiku, 1997; Lord et al., 2005) . It seems, however, that there is a dearth of literature exploring the association between traffic congestion and road accidents. Several studies have investigated the effects of congestion on road accidents by providing both analytical and empirical evidence (Shefer, 1994; Shefer and Rietveld, 1997; Baruya, 1998; Noland and Quddus, 2005; Kononov et al., 2008) . For example, Shefer (1994) and Shefer and Rieveld (1997) proposed an inverse relationship between congestion and road fatalities. Based on 63 A and B roads in the UK, Baruya (1998) found that the "degree of congestion" has negative effects on accident frequency (i.e. an inverse association). Noland and Quddus (2005) investigated the relationship between traffic congestion and road accidents using data from London and reported that their results are inconclusive and generally congestion has little effect on accidents according to the data. These studies often have the limitation of using a weak proxy for congestion, such as volume over capacity ratio, "proportion of vehicles slower than half the speed limit", spatial location (e.g. Inner and Outer London) and employment density. These proxies may not accurately represent levels of traffic congestion, and thus the results from econometric models may be biased. For instance, congestion and traffic density are not equivalent and it is unclear how the congestion level evolves with respect to density. It was suggested that a V/C value greater than 0.77 is viewed as congested (Boarnet et al., 1998) . It is likely that the increase in congestion is not proportional to the increase in density. Noland and Quddus (2005) used an indicator variable for Inner London as a proxy for congestion, and no significant differences were found between Inner London and Outer London and they speculated that speed is generally low in both areas. This suggested that such proxies for congestion may not precisely represent levels of congestion, and therefore a more suitable congestion measurement is required to more accurately represent congestion in an econometric model so as to provide more robust empirical evidence. Noland and Quddus (2005) suggested that instead of an area-wide based study, a road segment based study can be used to better capture the variation of traffic congestion. As such, a more precise congestion measurement is desirable. In terms of methods used in the statistical analysis, Poisson or Negative Binomial models have been used in these studies, so more sophisticated models recently used in safety research such as spatial econometrics could be employed so as to better understand the relationship between traffic congestion and road accidents. Based on urban freeways in California, Colorado and Texas, Kononov et al. (2008) found that total as well as fatal and injury accident rates increase with the increase in traffic congestion. Again, traffic congestion was measured using a proxy in their study: the annual average daily traffic (AADT). In addition, only AADT and number of lanes were considered as risk factors in their study. However, it is essential that other factors affecting road accidents such as road geometry need to be controlled for.
A recent study conducted by the authors examined the impact of traffic congestion on road accidents using a spatial analysis on the M25 motorway in England (Wang et al., 2009) . While controlling for other contributing factors such as annual average daily traffic (AADT) and road geometry, it concluded that traffic congestion has no impact on the frequency of accidents on the M25. Several non-spatial models (such as Poisson-lognormal and Poissongamma) and spatial models (Poisson-lognormal with conditional autoregressive priors) were employed to investigate the effect of traffic congestion on road accidents both within the peak time and off-peak time period. Congestion was measured using the congestion index (i.e. traffic delay divided by free flow travel time), and this variable was found to be statistically insignificant in all models, meaning that traffic congestion has little or no impact on the frequency of accidents according to the data on the M25. It was speculated that there may be a mixed effect (i.e. both positive and negative) of traffic congestion on road accidents, so congestion ultimately results in little impact on road accidents. The limitations of this previous study, as the authors suggest, are the data used in the analysis. For instance, accident and traffic data were considered for only one major road (i.e., M25) and for only one year (i.e., 2006). There are many other major motorways and A roads connected to the M25. As such, there is a need to consider a road network (rather than a single road) as more spatiotemporal variations are expected on a wider road network. Moreover, data for multiple years should be considered to control for the unobserved effect that changes over time. Therefore, the primary objective of this study is to re-investigate the effect of traffic congestion on road accidents by extending the previous study (Wang et al., 2009 ) in three ways: (1) extending the study area that includes 13 different motorways and 17 different A roads leading to a total number of 298 road segments, (2) considering traffic and accident data for 5 years (2003) (2004) (2005) (2006) (2007) and (3) employing a spatio-temporal Bayesian hierarchical count model that controls for spatial correlation among neighbouring segments and time effects over the years. In this study, the count of annual accidents per road segment is viewed as a function of various factors, and as such several statistical models that are suitable for panel count data are used. It is expected that by extending the previous study both spatially and temporally, more spatiotemporal variations of the level of congestion and accidents will be observed, which would make for a better understanding of the relationship between traffic congestion and road accidents.
The paper is organised as follows: first, the data used in this study is briefly described. It is then followed by a discussion of the statistical models. Model estimation results are then presented. This is followed by the discussion of the findings. Finally, conclusions and further research directions are provided.
Data description
The M25 and other motorways and A roads 4 that connect to the M25 were selected. The M25 motorway is an orbital motorway that encircles London, England. The primary reason for selecting the M25 and surround in this study is that the M25 is one of the busiest motorways in Europe, and as such it is expected that there would be large spatial and temporal variation of traffic flow and levels of congestion on the M25 and surround which allows to establish a reliable relationship between accidents and levels of congestion.
Traffic characteristic data were made available from the UK Highways Agency (HA 5 ). The HA collects hourly traffic characteristics and road infrastructure data for major 4 "A roads" are classified as major roads in England. 5 http://www.highways.gov.uk/ motorways and A roads at a road segment level in the UK. Traffic characteristics such as average travel time, average travel speed, traffic flow and total vehicle delay for road segments on the M25 and surround during the years 2003 -2007 have been calculated from the disaggregated traffic data supplied by the HA. The level of segment-based traffic congestion is measured by the total delay (in sec) per kilometre, where the total delay is the traffic delay incurred on all vehicles travelling along a road segment in a year.
Road infrastructure data such as segment length, number of lanes, radius of curvature and gradient for road segments have also been obtained from the HA. According to the HA, a total number of 298 road segments are identified on the M25 and surround, and each road segment starts and ends at a junction. It is worthwhile noting that a particular stretch of a road has two segments -one in each direction. According to the data obtained from the HA, there are a total of about 300,000 hours' traffic delay occurred on the M25 and surround (the total length of roads is around 1,390 kilometres) during 2003-2007. Accident data for the years 2003-2007 were derived from the STATS19 UK national road accident database. STATS19 database contains information regarding accidents, vehicles and casualties involved in an accident. While accidents were overlaid onto road segments in GIS, mismatches between them are observed due to errors in both accident location (i.e., easting and northing coordinates) and digital road segment data. In order to correctly count the number of accidents occurred on a road segment, the matching technique proposed by the previous study (Wang et al., 2009 ) was used to match the accident points onto the correct road segment. This mapping method was using a weighting score of the perpendicular distance and the direction of the vehicle relative to a road segment to assign accidents to the correct road segments. Only accidents recorded as occurred on the roadway segments are retained. Similar to the study by Aguero-Valverde and Jovanis (2008) , accidents coded as junction accidents (about 30% of total accidents) were excluded from the analysis. This is because major road junctions are complicated in terms of road design (such as flyovers and slip roads) compared to road segments and it is also difficult to obtain a single measure of traffic flow at a junction. Accidents were classified into three categories according to their severity levels in the UK: fatal, serious injury and slight injury accidents. Property damage only (PPO) accidents are not recorded in the STATS19 database.
Summary statistics of the annual segment-level accidents, traffic and road characteristics are presented in Table 1 . Table 1 is about here Table 1 shows all the variables considered in this study. Although the panel dataset consists of 298 cross-sectional units and 5 temporal units, a total of 1,391 observations were used in the analysis due to missing values. Therefore, the resulting dataset is an unbalanced panel. Due to the low frequency of fatal accidents, they are combined with serious injury accidents. Total traffic delay is normalised by road segment length so as to have a direct measurement of congestion. Average vehicle speed is weighted (by traffic flow) harmonic mean of hourly speed data. Motorway indicator is a dummy variable with 1 representing motorway or A roads with motorway standard such as A1(M); and 0 representing other major A roads. When including the variables in the statistical models, some of the explanatory variables have been transformed into a logarithmic scale to reduce the variance among the variables, including total delay, annual average daily traffic (AADT), road segment length and radius of road curvature. Average speed has been excluded from the model to avoid multicollinearity with the interested variable -total delay per km (correlation coefficient: -0.84). In other words, if both the variables (speed and delay) were included in the model, the model would have the issue of multicollinearity. Since investigating the effect of traffic congestion is the aim of this paper, average speed has been excluded from the model. Correlation coefficients between other variables (such as AADT and traffic delay) have also been checked and no significant correlations are found.
The spatial distributions of total traffic delay and number of accidents in 2007 are shown in Figure 1 . As shown in Figure 1 , it is difficult to draw any conclusions regarding the association between accidents and total delay.
Figure 1 is about here
The proportion of accident occurred in each hour over a day is presented in Figure 2 . It can be seen that most of the accidents occurred during peak hours when the congestion level is high. For example, around 6.5% of KSI accidents occurred during 07:00-08:00. This seems to suggest that traffic congestion increases the number of accidents.
Figure 2 is about here
Scatter plots showing the relationship between traffic delay and accidents for peak time periods (6:00-20:00 on weekdays and 9:00-20:00 on weekends) and off-peak time periods are presented in Figures 3-4. As can be seen however no clear relationship can be found between accidents and traffic delay.
Figure 3-4 is about here
In this paper the relationship between traffic congestion and the number of road accidents has been examined using two types of statistical model namely: the classical count outcome model and the spatial model using a full Bayesian approach. The two types of models are discussed below.
Statistical models
For each category of accidents, two types of statistical models suitable for panel count outcome data have been investigated in this study: (1) classical count outcome models and (2) spatial models using a full Bayesian hierarchical approach. Compared to a classical count model, a spatial model under a full Bayesian framework has the advantage in that they can accommodate spatial correlated effects among neighbouring segments. These two modelling techniques are briefly discussed below.
Classical count outcome models
As stated, the data used in this study is a panel count dataset. Several classical statistical models suitable for panel count outcome data are considered and tested. This includes: a fixed-effects Negative Binomial (NB) and a random-effects NB model. Both models can be estimated using the maximum likelihood method. The terms "fixed" or "random" refer to the location specific characteristics. The fixed or random-effects NB models have been proposed by Hausman et al. (1984) and are widely used in modelling panel count outcome data (including accident data) in the literature (e.g., Shankar et al., 1998; Chin and Quddus, 2003; Noland and Oh, 2004) .
In a fixed-or random-effects model, Y it (the annual number of observed accidents occurred on a road segment i at year t) is assumed NB distributed with parameters θ i λ it and k i , where θ i is the location-specific effect; k i is the Negative Binomial overdispersion parameter;
   βX where α is the intercept; X it is the vector of explanatory variables for a road segment i at year t; β is the vector of coefficients to be estimated. Y it thus has mean θ i λ it /k i and variance
For a fixed-effects NB model, the location effect θ i is modelled as a fixed unknown parameter; and for a random-effects NB model, it is treated as a random variable with independently and identically distributed (i.i.d) and (1+θ i /k i ) -1 is assumed beta distributed with Beta(a, b) .
Therefore the difference between fixed and random-effects models lies in the different specifications of the location specific effect 6 .One can employ a Hausman test (Hausman, 1978) to determine the appropriateness of using a fixed or random-effects model. The Akaike information criterion (AIC) can be used to compare goodness-of-fit and complexity of different models.
Spatial models using full Bayesian hierarchical approach
The classical count outcome models described above largely ignore the unmeasured spatial correlation among the neighbouring segments. This can be addressed using spatial models that have been used in accident modelling research (Miaou et al., 2003; Aguero-Valverde and Jovanis, 2006; Li et al., 2007; Quddus, 2008; Aguero-Valverde and Jovanis, 2008; ElBasyouny and Sayed, 2009b; Schneider et al., 2009; Persaud et al., 2010; and Lee et al., 2010) . According to Aguero-Valverde and Jovanis (2006), compared with the classical count outcome models, spatial models can generally produce consistent results and can better fit the location-specific data. A further study by Aguero-Valverde and Jovanis (2008) employed a similar spatial model on rural two-lane segments in Pennsylvania, finding that spatial models show a significantly better fit than non-spatial models and a spatial model with the simplest neighbouring structure (i.e. the first-order neighbours in their study) is preferable.
In this study a spatial model that is similar to the one used by Aguero-Valverde and Jovanis (2008) has been employed. Compared to their study, in this paper only first-order neighbours were considered, and two additional terms have been added to control for the time effects and space-time interation. The models are estimated using a full Bayesian hierarchical approach with conditional autoregressive (CAR) priors to account for spatial correlated effects. The form of the model can be expressed as follows:
where Y it is the annual number of observed accidents occurred on a road segment i at year t; μ it is the expected accident count on a road segment i at year t; α is the intercept; X it is the vector of explanatory variables for a road segment i at year t; β is the vector of coefficients to be estimated; v i is a random term which captures the heterogeneity effects for road segment i; u i is a random term which captures the spatially correlated effects for neighbouring road segment i; δ t is the term representing time effects (i.e. year-to-year effects); e it is a random term for extra space-time interaction effects. Models are estimated using a software -WinBUGS (Spiegelhalte et al., 2003) and the model specification generally follows the recommendations made in the user manual. A uniform prior distribution is assigned to  ; a highly non-informative normal prior is assumed to all β's with zero mean and 100,000 variance. Other options of priors may also be used, for instance a power prior as an informative prior to utilise previously available data (Lee et al., 2010 For the specifications of the terms δ t and e it , since the panel data used in this study has a large number of cross-sectional units (i.e., 298 road segments) but relatively short time period (2003) (2004) (2005) (2006) (2007) , two simple modelling structures for temporal effects (δ t ) have been considered: fixed-effects varying by t; and random-effects with a first-order random walk (RW (1)) prior. For the fixed time effect model, δ 1 is set to be zero and δ 2 to δ 5 is assigned highly non-informative normal priors with zero mean and 100,000 variance. For the random time effect model, δ t is assumed to be temporally correlated and assigned a RW (1) prior, which can be modelled using the CAR distribution in WinBUGS (Lagazio et al., 2001; Thomas et al., 2004) . Similar to the specification of the prior distribution of u i , the weight between neighbouring time periods (e. 
Gamma
 is assumed as suggested by Miaou et al. (2003) . One limitation of using WinBUGS is the limited ability to handle missing values (Kynn, 2006) . As the data used in this study is an unbalanced panel data (i.e. missing values for some road segments at a certain year), some road segments are removed from the data to form a balanced panel dataset that can be estimated using WinBUGS. The unbalanced panel data however can be analysed using classical count outcome models.
The Bayesian models are estimated using the Markov Chain Monte Carlo (MCMC) method. The deviance information criterion (DIC), which can be thought as a generalization of the Akaike information criterion (AIC), is used to assess the model goodness-of-fit and complexity (Spiegelhalter et al., 2002) . In terms of model fit and complexity, the lower the DIC the better the model.
Model estimation results
Since the spatial models capture the spatial correlated effects, it is expected that the spatial models can better fit the data and produce more coherent results. The model estimation results and findings from both the classical count outcome model and spatial model using a full Bayesian approach are presented below.
Classical count outcome models
A series of fixed and random-effects NB models have been tested for both KSI accidents and slight injury accidents. A Hausman test has been performed and it is found that the randomeffects NB model is suitable for the data used in this study. For each type of accidents, models for both balanced and unbalanced panel data are estimated. As such a total number of four classical count outcome models have been estimated. Year dummies have also been included in the models to control for the fixed time effects where year 2003 has been considered as the reference case. The model estimation results are presented in Table 2 and  Table 3 (see the "classical count outcome model" column). Tables 2 and 3 , model estimation results for balanced and unbalanced panel data are very similar to each other in terms of both the set of statistically significant variables and the magnitudes of their coefficients. Traffic delay (sec per km) is found to be statistically significant and positively related to the frequency of both KSI accidents and slight injury accidents. This means that the number of accidents increases with the increase in the level of traffic congestion. The coefficient of log(delay in sec per km) indicates the elasticity of annual accidents with respect to traffic delay, suggesting that a 1% increase in traffic delay per km would increase KSI accidents in the region of 0.1% and slight injury accident by 0.05%. The effects of traffic congestion (i.e. delay) on road accidents will be further discussed in the next section.
AADT and road segment length are both statistically significant and positively associated with accidents in all models. This is expected as AADT is considered to be the main risk exposure to accidents. The elasticity of AADT for the case of KSI accidents is around 0.56 which is in line with the previous study in the UK by Bird and Hashim (2006) . The elasticity of AADT for slight injury accidents is around 0.15, which appears a bit low compared to other studies (e.g. Aguero-Valverde and Jovanis, 2008) . The coefficient of log(segment length in m) is approximately 1 in all models suggesting that the elasticity of road segment length with respect to accidents is about 1. This means a 1% increase in road segment length would increase accident frequency by 1%.
As for the road segment characteristics, the minimum radius of horizontal curvature was found to be statistically significant (at a 90% confidence level for slight injury accidents) and positively related to accidents. This implies there are more accidents on straighter road segments, which is counter-intuitive at first glance and inconsistent with some studies (see Schneider et al., 2009 for truck accidents); but it is actually in line with previous studies (e.g. Haynes et al., 2007) which found road curvature is protective, especially at highly aggregated spatial units (because system-wide effects can be controlled for). Gradient which represents the vertical grade of the road segment was found to be statistically insignificant except in the balanced panel data model for KSI accidents (at a 90% confidence level). Number of lanes was statistically significant and positively associated with slight injury accidents suggesting more slight injury accidents would occur on roads with more lanes. Speed limit was found statistically insignificant in all models. This may be because there is not enough variation of this variable across the M25 and surround: 268 out of 298 road segments have the speed limit of 112 km/h. Motorway was included as a dummy variable to investigate whether accident frequency would be different on motorways. It is found that compared to A roads, motorways tend to have more slight injury accidents but less KSI accidents (at a 90% confidence level in the unbalanced panel data model). 
Spatial models using full Bayesian hierarchical approach
Four spatial models were estimated using the full Bayesian hierarchical approach to take into account both spatial correlation and unobserved heterogeneity. The posterior means and standard deviations (S.D.) of the coefficients for the explanatory variables (β's), time effects (δ t ), and the standard deviations of other random terms (v i , u i , e it ) were estimated using the MCMC method. Two chains were simulated with different initial values. The convergence of the two chains was examined by visual inspection of the MCMC trace plots. The initial 30,000 and 180,000 iterations were discarded as burn-ins to achieve convergence for KSI and slight injury accident models respectively. A further 30,000 iterations for each chain were performed and kept to calculate the posterior estimates of interested parameters for both KSI and slight injury accident models. For each category of accident (i.e. KSI accidents and slight injury accidents), a spatial model with fixed time effects and random time effects using a RW (1) prior were estimated. All spatial models are estimated using the balanced panel data. The results are presented in Table 2 and Table 3 (see the "Bayesian spatial model" column).
As indicated in Table 2 , model estimation results from the two model specifications (i.e. the models with fixed time effects and RW (1) random time effects) are very similar to each other for the case of KSI accidents. Both model specifications produce similar posterior estimates in terms of coefficients of explanatory variables and standard deviations of random terms (i.e. u, e, and v). The DIC values of the two model specifications are very close to each other meaning that there is no significant difference between these models in terms of statistical fit and model complexity.
In the case of slight injury accidents (Table 3 ), since the model with RW (1) prior does not fully converge for a long period of simulation, the results from this model are considered unstable. Considering that the RW (1) model does not show any significant difference compared to the fixed time effect model, the results from the fixed time models for both categories of accidents will be used for further interpretation and discussion below.
As can be seen in Tables 2 and 3 , the posterior estimates of standard deviation of u ranges from 0.16-0.23, suggesting that the spatial correlation effects (u) are significant for both types of accidents. The spatial correlation is higher for the case of slight injury accidents relative to KSI accidents, which is consistent with previous studies (Aguero- Valverde and Jovanis, 2006) . Similarly uncorrelated heterogeneity (v) and space-time interaction effects (e) are also found to be statistically significant, although the space-time integration effects are marginal in the KSI accident models 7 . Much of the heterogeneity effects are captured by the spatial correlation terms.
Compared to the results from the classical count outcome models (i.e. random-effects NB models) for the same balanced panel dataset, most of the explanatory variables that are statistically significant in the classical models are also significant in the spatial models (Tables 2 and 3) . The values of the coefficients are also fairly close to the estimates from the classical models. The notable exceptions are the effects of AADT and number of lanes in KSI 7 This may be due to the fact that KSI accidents have a low sample mean. Model estimation results may vary under low-and high-count accident situations. Since KSI accidents suffer from the low sample mean problem, separate tests for low and high KSI counts could not be performed. Models for low-and high-count of slight injury accidents have been tested, showing that for both low and high count situations the level of significance for the slope coefficients generally decreases but the model goodness-of-fit (in terms of AIC values) increases compared to the model for the total accident count. The sample size of the data used in this study is relatively small, so in terms of further studies the use of a larger sample would be useful.
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Deleted: may be needed using Deleted: size accident models, and traffic delay, radius and gradient in the slight injury accident models. The coefficient of log(AADT) decreases from 0.57 in the classical model to 0.23 in the spatial model for the case of KSI accidents (Table 2 ). This may be because the effects of AADT has been captured by other variables in spatial models, for example, the effect of the number of lanes is statistically insignificant in the classical model but becomes significant in the spatial model (Table 2) .
For the case of slight injury accidents, traffic delay shows different results between the classical and spatial models. This variable is statistically significant and positively associated with the slight injury accidents in the classical model but becomes statistically insignificant in the spatial model (Table 3 ). This means traffic delay has no impact on the frequency of slight injury accidents according to the results from the spatial model. In addition, radius becomes significant at a greater confidence level (95% in the spatial model compared to 90% in the classical model). Gradient has now become positive and significant at a 90% confidence level in the spatial model while this variable was negative and statistically insignificant in the classical model. This result (positive and statistically significant) for gradient in the spatial model is in line with previous research findings (Shankar et al., 1995; Milton and Mannering, 1998) . This suggests that the spatial model can produce more coherent results (i.e. better inference) compared to the classical count outcome models. In addition, the values of the intercepts between classical and Bayesian spatial models are also noticeably different. This may suggest that there is significant heterogeneity in the data and the Bayesian method seems to have captured this. Factors such as weather conditions and driver specific characteristics are not included in the models in this study due to the unavailability of data, which may lead to significant heterogeneity.
The residuals (the differences between observed and predicted values) of these two types of models have been plotted and presented in Figure 5 . As illustrated in Figure 5 , for KSI accidents, the pattern of residuals are very similar to each other between the two types of models. It can therefore be concluded that the classical and Bayesian models have similar fitting performance for the case of KSI accidents. As for slight injury accidents however, the figure clearly shows that the Bayesian spatial model is much better in terms of model fit compared to the classical Negative Binomial model. As can be seen, while the differences in the residuals are small between the two models for low count regime (observed count less than 20), the differences become larger for higher count regime (observed count greater than 20 and less than 60). The differences in the residual values are especially considerable for high count regime (observed count greater than 60). Considering that KSI accident count is typically in low count regime (less than 10), it appears that the classical count model performs equally well as to the Bayesian model for low count data according to the results in this study.
Figure 5 is about here
Given that the Bayesian spatial models are superior in terms of its underlying theory (e.g. taking account of spatial correlation and prior information), goodness of fit and model inference, it is believed that the Bayesian spatial models more accurately estimated the effects of covariates and better fit the data. Therefore the results from the Bayesian spatial models are preferred, and for the effects of traffic delay on the frequency of road accidents, it can be summarised that: traffic delay is positively associated with KSI accidents, namely a 1% increase in traffic delay (per km) will increase KSI accidents by 0.08%. Traffic delay has little or no impact on slight injury accidents.
It should however be noted that under some extreme conditions when traffic is at a very high congestion level (e.g. gridlock) the results above may not hold true. In extremely congested conditions, vehicles move very slowly, which may reduce the number of KSI accidents. To test this, a random-effects NB model with quadratic terms (for traffic delay) was tested, and the result is presented in Table 4 .
Insert Table 4 here
As can be seen in Table 4 , the coefficient of delay continues to be positive and statistically significant. The coefficient of delay squared is however negative (though insignificant), meaning there may be a U-shaped relationship between congestion and the number of KSI accidents. The relationship between the predicted number of KSI accidents and the level of traffic congestion (for the situations on motorways in 2007, while other variables are held at their mean values), is presented in Figure 6 .
Insert Figure 6
From Figure 6 it is clear that initially traffic congestion increases the number of KSI accidents. However, when the level of traffic congestion becomes extremely high, i.e. above 1.82E+06 (sec per segment per year), the number of KSI accidents decreases. This suggests that improvements in traffic operations (often resulting in reduced traffic congestion) do not always lead to improved road safety. For example, as there may be situations (e.g. at high levels of traffic congestion) when reduced traffic delay may increase accidents. It should however be noted that such a high level of congestion is very rare. In the data used in this study, only 11 out of 1391 observations have traffic congestion above 1.82E+06 (sec per segment per year). Therefore it is not surprising that overall traffic congestion increases the number of KSI accidents as implied in Table 2 . Considering that such an extreme high level of traffic congestion is very rare, it can be concluded that generally increased traffic congestion increases the number of KSI accidents.
Discussion and policy implication
This paper explores the relationship between traffic congestion and road accidents while controlling for other contributing factors such as AADT, radius and gradient. It has been found that the level of traffic congestion (measured by traffic delay per km length of roadway) is positively associated with the frequency of KSI accidents; while traffic congestion has little impact on slight injury accidents. The effects of other contributing factors have been found to be generally consistent with previous studies.
This result suggests that roadways with a high level of traffic congestion tend to have more KSI accidents. This result is consistent with the study by Kononov et al. (2008) who found that fatal and injury accidents increase with the increase in traffic congestion. . Other previous studies providing empirical evidence either found an inverse relationship between congestion and accidents (Baruya, 1998) or insignificant relationship (Noland and Quddus, 2005) . Their studies, however, as discussed often lack an appropriate congestion measurement or suitable statistical methods. In order to evaluate the effects of congestion on road accidents, it is of importance to measure the congestion correctly. Instead of using a proxy for traffic congestion as used in some of the previous studies (Baruya, 1998; Noland and Quddus, 2005; Kononov et al., 2008) , this study employed a direct measurement of traffic congestion. It is believed that the congestion measurement used in this study is valid and precise, as it reflects the nature of the congestion -traffic delay. Similar congestion measurements are used and recommended by the UK Department for Transport (DfT), for instance the "driving time lost per mile" (DfT, 2005) . Other congestion measurements have
Deleted: that also been tested during this study, for example, "congestion index" 8 detailed by Taylor et al. (2000) and used by Wang et al. (2009) , and generally similar results have found for the unbalanced panel data models. This further confirms the relationship between traffic congestion and road accidents found in this study on the M25 and surround.
Although increased traffic congestion is expected to decrease road fatalities because of lower average speed under traffic congestion as proposed by Shefer and Rietveld (1997) , the speed variance among vehicles within and between lanes may not be necessarily low. In contrast, speed variance would be large in congested situations because drivers need to adjust speed frequently (e.g., "stop-go-stop" actions), which significantly increases the complexity of driving. In this scenario drivers may not have enough time to react (i.e. short time between "go-stop" actions), so more conflicts are expected. It has been argued that it is the speed variance that causes safety problem instead of speed itself (Lave, 1985) , thus the increased speed variance in congested situations may result in more serious injury accidents. There is also empirical evidence that the go-stop actions in congestion would increase the chances of collisions (Hanbali and Fornal, 1997) . In addition, traffic speeds even in congested situations are likely to be relatively high on major roads compared to other parts of the road network. As such, any accidents occurring are likely to be more severe. This may explain the result that traffic congestion has greater effects on KSI accidents than on slight injury accidents on the M25 and surround.
Driving behaviour also plays an important role in increased accidents under congestion conditions. Driving under congestion conditions is different than under free-flow conditions. It is well established that driving behaviour becomes worse in the presence of congestion. For example, it has been found that congestion would result in higher driver stress leading to increased aggressive driving behaviour such as purposeful tailgating and yelling at others (Hennessy and Wiesenthal, 1997) . Shinar (1998) showed that congestion is associated with aggressive behaviour such as honking of horns. A recent study by Shinar and Compton (2004) found that there was a strong linear association between congestion and aggressive behaviour and drivers are more likely to behave aggressively during weekday rush hour when the value of time is high, such as cutting across one or more lanes in front of another driver and passing on the shoulder. The results found in this paper would not be surprising since increased congestion would cause more aggressive driving, and aggressive driving is a major road safety concern (Shinar and Compton, 2004) which would subsequently result in more accidents.
The findings from this study added to the debate about the relationship between mobility and safety, showing that mobility and safety can be improved simultaneously. Therefore, there is significant additional benefit of reducing traffic congestion, in the sense that it not only reduces the costs relating to increased travel time (i.e. traffic delay) but also benefits involved by preventing accidents.
The findings from this study are useful for transport policy makers in safety improvement. Since traffic congestion imposes safety problems, it is necessary to reduce it for improved road safety. Some measurements could be reinforced to optimise and smooth the traffic flow, which would be beneficial to both congestion and accident reduction. For example, an electronic warning sign can be displayed in real-time at some sites when congestion occurs, making drivers more prepared for the congestion ahead and the associated risk of accidents. Information on congestion has already been displayed on many motorways throughout the UK. Empirical evidences from Hanbali and Fornal (1997) found that adaptive traffic signal systems are very effective in reducing both traffic congestion and road accidents at intersections, especially the "stop-and-go" driving related collisions. The traffic adaptive traffic signal systems involve the installation of a closed-loop, traffic-responsive signal system at intersections, changing the green-to-cycle (g/c) ratio for the congested roadways to reduce traffic congestion. Another promising measurement is an advanced traffic management system, such as the Active Traffic Management (ATM) 9 which is currently in operation on the M42 motorway in the UK. The ATM monitors the traffic flows on the roads using sensor loops and automatically calculates the best speed limit for the current traffic. The optimised speed limits are displayed on electronic overhead gantries. A variable speed limit is known to be able to increase homogeneity of driving speeds (i.e. optimise and smooth the traffic flow) and consequently improve road safety (Van Nes et al., 2010) . Other information can also be displayed, for example, drivers can be directed to use the hard shoulder during congested periods so as to smooth the traffic flow. The ATM system has originally been introduced for reducing traffic congestion; the preliminary monitoring results showed that the ATM also reduced accidents from 5.1 to 1.8 a month (monthly average based on 6 years' data) despite initial safety concerns (Highways Agency, 2008) . Similar schemes could also be introduced on other major roads in the UK.
The implementation of these measurements (e.g. ATM) is traditionally justified in terms of congestion reduction. The results from this study re-confirm the benefit of these measures, as in addition to congestion reduction, these measurements are also beneficial to road safety, adding the additional benefits of implementing these measurements. Therefore, the findings from this study are helpful for transport policy makers in devising safety programmes and allocating highway funds.
As discussed above, it was argued that the positive association between traffic congestion and the number of KSI accidents on major roads is partially due to the increased speed variance and worse driving behaviours in congested situations. Therefore some measures could be introduced to reduce speed variance and improve driving behaviour in congested situations. As for reducing speed variance, "average speed check cameras" can be installed on a stretch of a roadway that has been identified as an accident hotspot to enforce a suitable "average speed" on the roadway. This ensures that all vehicles travel at a similar and consistent speed on the stretch of the roadway, which reduces speed variance and improves road safety. Transport Scotland (2009) recently reported that the enforcement of a consistent speed of 40mph (64km/h) on the M80 had successfully enhanced road safety during M80 road works. In addition to the enforcement of average speed, inappropriate speed should be avoided. The inappropriate speed includes excessive speed and very low speed. Slow drivers are as much hazardous as fast ones since they increase speed variance (Lave, 1985) , which is especially a concern for major roads with high posted speed limits. Therefore minimum speed limits could be introduced to enforce the minimum speed that drivers are required to drive on major roads. Minimum speed limits are operated in many countries outside the UK. Similar policies for minimum speed limits could be introduced to the UK to ban inappropriate low speed on major roads for safety.
Bad driving behaviour in congested situations may be more difficult to tackle. As suggested by Shinar and Compton (2004) , some measures could be implemented to reduce aggressive driving behaviours in congested situations, such as providing more information to urge drivers to take alternative routes during rush hour, encouraging car sharing and flextime, enhancing law enforcement and promoting driver education. A campaign highlighting the dangers of aggressive driving in congested situations may be useful for improving road safety on busy major roads.
Conclusions and further research
This paper has examined the relationship between traffic congestion and frequency of road accidents on the M25 and surround in England. Several classical count models and spatial models using a full Bayesian approach have been developed to investigate the effects of traffic congestion on road accidents. While the results from the classical and spatial models are generally similar to each other, there are some inconsistencies between them for some variables, for example, the effects of traffic congestion on slight injury accidents. The results from the spatial models are argued to be preferable as they accommodate spatial correlations and better fit the data.
From the model estimation results it has been found that traffic congestion is positively associated with the frequency of KSI accidents: a 1% increase in traffic delay per km would increase KSI accidents by about 0.1%. Traffic congestion has little impact on slight injury accidents. The reasons for this may be due to increased speed variance among vehicles within and between lanes and bad driving behaviour under congested situations. Other contributing factors have also been controlled for and have provided consistent results with previous studies. For example, a 1% increase in traffic flow has found to be associated with a 0.2% increase in KSI accidents. Based on this finding, some measures could be introduced to improve road safety.
There are some limitations in this study. Firstly, data have been aggregated to an annual level in order to obtain sufficient count of accidents. An analysis using aggregated data also has the benefit of taking into account "system-wide effects" (Noland and Oh, 2004) . Such aggregation may however be subject to ecological fallacy (Davis, 2002) and thus the results may be biased. In addition, the number of accidents on the road segments in this study is rather low, especially for the KSI accidents and slight injury accidents may suffer from the problem of under-reporting. This paper is focusing on the M25 and its surrounding major roads (motorways or A roads). Therefore, further research is required to investigate the effect of traffic congestion on road accidents on other major roads in the UK and other countries. Road infrastructure and traffic characteristics in other parts of the UK or in other countries may be different to the M25 and surround, for instance roads in rural or urban settings; and the effect of traffic congestion on different road users (e.g., motorised and non-motorised transport) may also be different. Also there is not enough variation in the speed limit on major roads (most road segments employed in this study have speed limit of 112 km/h), which means that the speed limit cannot be used as a proxy for any other speed related effects.Further studies on both major and minor roads where the speed limit varies greatly would be beneficial. Further studies for other major roads can test the model developed here and offer further empirical evidence, which may eventually provide a conclusive statement on the relationship between traffic congestion and road accidents. This would widen the potential use of the findings from this paper. In addition to major roads, the impact of traffic congestion on other types of roads or junctions also needs to be examined. 
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